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A B S T R A C T

Many proteins display conformational changes resulting from allosteric regulation. Often only a few residues are crucial in conveying these structural and functional
allosteric changes. These regions that undergo a significant change in structure upon receiving an input signal, such as molecular recognition, are defined as switchlike regions. Identifying these key residues within switch-like regions can help elucidate the mechanism of allosteric regulation and provide guidance for synthetic
regulation. In this study, we combine a novel computational workflow with biochemical methods to identify a switch-like region in the N-terminal domain of human
SIRT1 (hSIRT1), a lysine deacetylase that plays important roles in regulating cellular pathways. Based on primary sequence, computational methods predicted a
region between residues 186–193 in hSIRT1 to exhibit switch-like behavior. Mutations were then introduced in this region and the resulting mutants were tested for
allosteric reactions to resveratrol, a known hSIRT1 allosteric regulator. After fine-tuning the mutations based on comparison of known secondary structures, we were
able to pinpoint M193 as the residue essential for allosteric regulation, likely by communicating the allosteric signal. Mutation of this residue maintained enzyme
activity but abolished allosteric regulation by resveratrol. Our findings suggest a method to predict switch-like regions in allosterically regulated enzymes based on
the primary sequence. If further validated, this could be an efficient way to identify key residues in enzymes for therapeutic drug targeting and other applications.

1. Introduction
Allosteric regulation has been known to play an important role in
tuning protein function since the conception of the Monod-WymanChangeux (MWC) model in 1965 [1]. With the advancement of
biochemical and biophysical techniques, it has become apparent that the
allosteric phenomena, where an effector ligand binding at a distal site
can regulate certain protein functions through long-distance communi
cation, are wide spread among many proteins, ranging from enzymes to
receptors [2–4]. Allosteric communication is made possible through the
flexibility of proteins [5]. These changes in protein dynamics can be
manifested through a continuum of conformational changes ranging
from local residue movements to global fluctuations [6,7]. Often a few
key residues play a critical role in transducing the binding of the allo
steric molecule. Locating these key residues could be powerful in aspects
of understanding the molecular mechanism of the allosteric

communication or drug targeting. In many cases, these switch-like re
gions tend to be flexible stretches of amino acids that undergo a change
in secondary structure or peptide backbone conformation upon binding
an allosteric modulator [6,8–11]. Identifying specific residues or short
regions crucial to allosteric responses, termed allosteric switch-like re
gions or nodes, have been of intense interest in the field [6,9]. As it could
be arduous to experimentally identify switch-like regions through
routine mutation scanning, various computational approaches have
been pioneered to predict switch-like regions [10,12,13]. These ap
proaches, however, oftentimes require detailed structural information
and intensive computational power.
One such protein with an important allosteric system is SIRT1, a
mammalian NAD+-dependent lysine deacetylase that undergoes allo
steric regulation. Many proteins have been identified as substrates for
SIRT1, implicating its involvement in important cellular pathways,
including
glucose
metabolism,
cellular
apoptosis
and
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neurodegeneration [14–16]. SIRT1 is a two-domain enzyme that un
dergoes interdomain allosteric regulation [17,18], which includes a
structured catalytic core [19] that is highly conserved in the Sirtuin
family [20] and flanking N- and C-terminal domains that are partially
unstructured and potentiate deacetylase activity [21,22]. Several small
molecules that allosterically increase SIRT1 activity have been studied,
termed sirtuin activating compounds (STACs) [23]. Crystal structures of
SIRT1 bound to STACs such as resveratrol have shown that the small
molecule STAC binds the three-helix bundle STAC binding domain
(SBD) that is far away from the substrate binding sites in the catalytic
core (Fig. 1B). The SBD is especially important for enzyme activity and
STAC-dependent regulation [24–26]. Regulating the activity of SIRT1
has been explored as a therapeutic approach for treating diseases such as
Alzheimer’s disease and diabetes [27]. However, while E230 has been
identified as a direct binding site for STACs, no allosteric switch region
has been confirmed.
Here we use human SIRT1 as a testing candidate to develop and
implement a more accessible and universal computational method for
identifying de novo switch-like regions independent of the function or
structure of the protein, using a series of descriptors based on primary
sequence [28]. The characterization of structurally ambivalent sequence
elements utilized secondary structure propensities which were deter
mined from sequence [29]. More explicitly, regions with inaccurately
predicted secondary structure features were found to be a good pre
liminary marker of such key switch-like regions [30]. Sequence entropy
has been shown to be a useful marker for ambivalent secondary

structure features as well as possible residue disorder propensity [31].
An extensive set of such descriptors were previously shown to be pre
dictive for solvent accessibility via logistic regression [28], a property
related to potential switch-like behavior [32]. We adapted our logistic
regression approach to the characterization of ambivalent secondary
structure features using N-acetyl transferases, a system that has partic
ularly well-characterized switch-like regions, as a learning set and then
applied it to sirtuins ([33] and unpublished data). The results show that
the best models involved three sequence descriptors: secondary struc
ture variability (Vkabat), 6-term sequence entropy (E6), and
Lobanov-Galzitskaya disorder propensity (IsUnstruct).
In this study we use a well-studied STAC, resveratrol, to test the
allosteric switch-like regions in hSIRT1 that were predicted based on
these sequence descriptors as overviewed in Fig. 1A. If the predictions
are correct, abolishing the switch-like properties in the predicted regions
would result in a hSIRT1 construct that is still active, but no longer re
sponds to regulation by resveratrol. In this way, we were able to predict
and confirm a single switch-like residue within the SBD of hSIRT1.
2. Materials and methods
Please see SI for additional details for the methods.
2.1. Calculation of sequence descriptors
The residue disorder propensity (IsUnstruct) was calculated using

Fig. 1. A. Brief computational workflow for switch-like region prediction. Created with BioRender.com. B. Structure of hSIRT1 (PDB ID 4ZZJ) including the catalytic
core (tan), the ESA (green), and the SBD (teal). A substrate peptide (light gray) and a STAC compound (dark gray) is also shown. Predicted switch-like regions
186–189 (red) and 190–193 (gray) are highlighted C. Disorder prediction results of WT hSIRT1 (black), hSIRT1(186–189)S (red) and hSIRT1(190–193)S (gray).
Results for the residues containing the predicted switch-like region is highlighted in the insert. (For interpretation of the references to colour in this figure legend, the
reader is referred to the Web version of this article.)
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IsUnstruct v2.02 [34]. The secondary structure variability (Vkabat) was
estimated by a set of 15 prediction algorithms [35]. The sequence en
tropy and disorder (E6) at a given residue position was calculated over
the six classes of amino acids [36].

sequence disorder propensities (Fig. 1C). These mutations also resulted
in significantly lowered Vkabat values at certain residues (Table 1).
Together the results suggest that these mutations would abolish the
switch-like property of these regions. Comparisons of the sequence
descriptor values for similar 4-mer substituted serine mutants (including
overlapping sets) for regions 295–298 and 447–452 showed patterns
comparable to region 186–193 (Tables S2–S7), with the most significant
changes involving increased IsUnstruct values and more moderate de
creases for Vkabat values.

2.2. Protein expression and purification
Human SIRT1 constructs were expressed as His-SUMO-tagged pro
teins in the BL21(DE3) strain of Escherichia coli using a pET28a-smt3
vector. The protein was purified by Ni-NTA affinity chromatography
followed by cleavage of the SUMO tag and further purification by size
exclusion chromatography, purity confirmed by SDS-PAGE and con
centration determined by Bradford and BCA assays.

3.2. Experimental verification of a switch-like region in SIRT1
The computational results suggested that residues 186–193 had
switch-like properties, and replacing the residues with serines would
abolish this property. We chose to use resveratrol, a known allosteric
regulator, as a tool to perturb the hSIRT1 system and test for the pres
ervation or loss of the allosteric network. If our prediction was accurate,
mutating the identified residues into serines would result in a mutant
hSIRT1 that still retained activity, but was no longer allosterically
regulated by resveratrol.
For the biochemical studies we used a truncated, more stable
hSIRT1-143 construct [17] which has been shown to display similar
activity as full length hSIRT1 and has been used for studies on
resveratrol-based allosteric effects involving the N-terminal region [25].
The sequence descriptor values of residues 186–193 in the hSIRT1-143
construct did not show any significant difference between the those
from full length hSIRT1 construct before or after the serine mutations,
suggesting that the allosteric switch-like property is still retained in the
truncated hSIRT1-143 construct (Figs. S1–S2, Table S1). All enzyme
kinetics were obtained through a continuous enzyme-coupled assay [37]
using acetylated peptide substrates without any attached fluorophore.
This was to ensure that the results were not affected by the artifact of
resveratrol having an affinity to aromatic fluorophores such as 7-ami
no-4-methylcoumarin [42].
We started out by testing the residues in broad strokes, introducing 4serine mutations to residues 186–189 and 190–193, termed hSIRT1-143
(186–189)S and hSIRT1-143 (190–193)S. Once a large region was
confirmed as the switch-like region, we would then hone in on that re
gion to identify a single residue as the switch. Both hSIRT1-143
(186–189)S and hSIRT1-143 (190–193)S were successfully expressed
and purified (Fig. S3). WT and mutant SIRT1 constructs all presented as
monomers by SEC analysis, consistent with that observed in previous
literature [43] (Fig. S4). The mutants had slightly lower melting tem
peratures (Table 1 and Fig. S5), but CD spectra of the two mutants re
flected a well-folded protein with both α-helical and β-sheet secondary
structure components [38], similar to that of WT hSIRT1-143 (Fig. 2A
and Table S8). Computational docking studies suggest that the binding
energy for the mutants and resveratrol were not dramatically changed
[44] (Table S9), and fluorescence-based binding studies showed that
while the binding affinity of resveratrol to the mutant hSIRT1-143
constructs decreased (Fig. S6), the amount of resveratrol added in the
enzymatic assays ensured that at least 80% of hSIRT1 mutant proteins
were still bound to resveratrol. Importantly, the mutants exhibited ac
tivity towards a known peptide substrate of hSIRT1, Ac-H3 [37] (Fig. S7,
Table S10).
We then quantified the activity of different hSIRT1 constructs to
wards Ac-p53W with and without resveratrol. Without resveratrol, the
hSIRT1 mutants showed overall lower activity against Ac-p53W. The
kcat values were significantly decreased in both mutants, while the KM
values were not statistically different between the mutants and WT
hSIRT1-143. Inspection of the hSIRT1-143 structure reveals that V188 in
the first helix (H1) possibly has hydrophobic interactions with V224 and
I225, two residues in the third helix (H3) within the SBD (Fig. 3). The
mutation of V188 to serine would disrupt this hydrophobic interaction
and likely result in the destabilization of the three-helix bundle [45],
which has been shown to decrease the catalytic rate of hSIRT1 [46]. In

2.3. Enzyme-coupled assays for hSIRT1 activity
hSIRT1 activity was measured using a previously published contin
uous enzyme-coupled assay [37]. Peptide substrates were 11 or 13-mer
peptides with the acetylated-lysine at the middle position. Kinetic pa
rameters were obtained by fitting the initial rates to the
Michaelis-Menten equation in GraphPad Prism.
2.4. Circular dichroism (CD) of hSIRT1 proteins
CD spectra were collected on an AVIV Model 215 Circular Dichroism
Spectrometer. Secondary structure estimation was completed using the
K2D3 method [38]. The melting curve of the hSIRT1 constructs were
obtained by a temperature scan from 25 ◦ C to 95 ◦ C at 222 nm. The
melting temperature was fitted using the Boltzmann Sigmoidal fit in
GraphPad Prism.
3. Results
3.1. Predicting a switch-like region within the SBD of hSIRT1
A region between residues 186–193 within hSIRT1 was determined
to exhibit switch-like behavior. Three associated descriptors, 6-term
sequence entropy (E6), Lobanov-Galzitzskaya disorder propensity
(IsUnstruct) and variability in predicted secondary structure (Vkabat) are
associated with the better performing models for prediction of individ
ual switch residues via logistic regression. These entailed a learning set
of 48 N-acetyltransferases applied to a test set of five sirtuins, 2B4YA,
2HJHA, 4IG9A, 4L3OA, and 5BTRA. Descriptor overlays for 5BTRA
indicated regions consistent with typically considered lower E6 (<60th
percentile) [39], IsUnstruct (<40th percentile) [40] and high Vkabat
(>85th percentile) [41] values. Regions of interest are at minimum
triplets that have these percentile thresholds. Additional analysis
exploring secondary structure variability for 3D-model structures was
used to filter out less-likely regions and rank high-probability regions.
Model structures were generated via I-TASSER, C-I- TASSER,
RaptorX-Deep Learning, and Robetta for the complete hSIRT1 sequence.
Filtering criteria was established by statistical analysis of the protein’s
XSSP-DSSP derived Vkabat and other values. By comparing the remaining
regions’ mean Vkabat values, they were ranked highest-to-lowest in the
following order: 295–298, 186–193, and 447–452. Residues 186–193
reside in the SBD (Fig. 1B), hence, we focused on this segment as a
potential switch-like region for SIRT1 allosteric regulation by STACs.
Experimentally mutating these residues to different amino acids
individually would be time-consuming. Therefore, we used the sequence
disorder propensity descriptor to help narrow down which amino acid
mutations would no longer exhibit switch-like properties. Residues
186–189 and 190–193 were replaced with four of the same amino acids
respectively, and the sequence disorder propensity was calculated for
the resulting mutated sequence. This replacement prediction was car
ried out with all 20 amino acids. Ultimately, a replacement with four
serines in either 186–189 or 190–193 resulted in drastically higher
3
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Table 1
Sequence descriptor values for residues 186–193 for both WT hSIRT1 and the four-serine mutations.
IsUnstruct
Vkabat
E6
IsUnstruct
Vkabat
E6

T186

F187

V188

Q189

Q190

H191

L192

M193

0.167
7.500
0.703
T186S
0.850
2.500
0.671

0.138
6.429
0.668
F187S
0.852
4.091
0.641

0.135
6.429
0.532
V188S
0.842
5.000
0.511

0.147
5.000
0.541
Q189S
0.816
5.625
0.520

0.148
5.625
0.526
Q190S
0.659
5.000
0.516

0.139
5.625
0.556
H191S
0.678
4.500
0.555

0.128
6.429
0.604
L192S
0.680
2.500
0.616

0.131
6.429
0.627
M193S
0.664
2.308
0.628

Fig. 2. A. CD spectra of hSIRT1-143 constructs at 25 ◦ C. B. Enzyme kinetics and C. Michaelis-Menten parameters for different constructs of hSIRT1-143 activity
against Ac-p53W with and without the addition of 200 μM resveratrol. All kinetics data were collected in at least triplicates and fit with Graphpad Prizm. Error bars
indicate standard error of fit. * depicts p < 0.05, ** depicts p < 0.005.

Fig. 3. The SBD (teal) region of SIRT1 (5BTR) showing interactions between key residues in the 186–193 region (red and gray) and the rest of the SBD. The catalytic
core is shown in tan. A. is the side view of the SBD helices, highlighting the interactions between H191 and T196. B. highlights the interaction between V188 and H3
residues. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

4

A.T. Huynh et al.

Biochemistry and Biophysics Reports 30 (2022) 101275

all the existing hSIRT1 structures that include the SBD, H191 is within
hydrogen bonding distance of T196, a residue in the loop region con
necting H1 to H2 (Fig. 3). Mutating H191 to a serine would disrupt this
hydrogen bonding interaction, and again possibly destabilize the
three-helix bundle, leading to the decrease in catalytic rate.
Upon addition of resveratrol, the activity of hSIRT1-143 (186–189)S
decreased, mainly through an over 6-fold increase in KM (Fig. 2B and C
and Table 2). It is worth noting that V224 and I225, the residues that
interact with V188, are on the opposite side of Q222 and N226 in H3,
two residues that have been shown to directly interact with resveratrol
[17]. The serine mutation at V188 could possibly interrupt the in
teractions between H3 and resveratrol, which would change the way
resveratrol binds to hSIRT1. This result suggested that the mutant still
had an allosteric network, but it now behaved in an opposite fashion
compared to the wild-type enzyme.
While the 186–189 mutation seemed to affect the allosteric network
in an unusual way that was difficult to interpret, the activity of hSIRT1143 (190–193)S, however, showed no significant change upon the
addition of resveratrol (Fig. 2B and C and Table 2). This suggested that
the allosteric switch-like region is possibly within these residues.

hSIRT1 by resveratrol.
4. Discussion
In this study we successfully predicted and confirmed an allosteric
switch-like region using sequence-based indicators in combination with
experimental methods and narrowed down the region to a single residue
with help from secondary structure comparison. Thus we were able to
decouple the allosteric and catalytic functions of a two-domain enzyme
by mutating one amino acid, M193 to an alanine. It is important to note
that the hSIRT1-143 (186–189)S mutant retains enzyme activity but also
shows allosteric regulation by resveratrol, albeit in an opposite fashion.
This gives us confidence that the additional secondary structure align
ment and experimental confirmations were essential for identifying true
allosteric switch-like regions. M193 is distal to any residues with direct
interactions with resveratrol, and the mutant construct still binds to
resveratrol. This suggests that the lack of allosteric effect is more likely
due to the abolishment of allosteric communication, and not the loss of
binding between resveratrol and the enzyme. In addition, there are no
obvious interactions between M193 and other residues within any of the
known hSIRT1 structures (Fig. 4D). This would suggest that M193
controls the allosteric communication via a more global, ensemble
motion [6,10] rather than direct interactions. Initial probing with
AlloSigMa [47] estimates that once M193 is mutated to a smaller res
idue, the dynamics of some residues close to the active site are no longer
affected when resveratrol binds, which agrees with our experimental
results (Fig. S9). As M193 is at the C-terminus end of H1, it is also
possible that the mutation is affecting the stability of the α-helix [48].
Here we propose a general model for the M193A mutation’s response to
resveratrol as outlined in Fig. 4E: Upon the addition of resveratrol, wild
type hSIRT1 undergoes a conformational change into a more stable
state, likely resulting in better recognition of the acetylated substrate
peptide, as suggested by the dominant change in KM seen in our work
(Table 2) and in previous literature. The mutation of the switch-like
residue 193 from methionine to alanine disrupts the allosteric
network. Whereas the M193A mutant is still catalytically active, it no
longer experiences significant change in conformational dynamics when
resveratrol is bound due to a disruption in the allosteric network,
resulting in no change in the enzyme’s catalytic efficiency.
In this work we show a novel method for identifying allosteric
switch-like regions within a multidomain enzyme. This newly identified
switch-like region could shed light on the allosteric regulation mecha
nism for hSIRT1. This work also has broader implications for under
standing allosteric regulation in general. The position of M193 with no
immediate internal interactions with other side chains cautions that
allosteric switch-like residues could occur in unexpected regions in
proteins. The identification of M193 relies on the fact that the prediction
method used in this study examines sequence information in a direct
fashion without significant assumptions. Other routes for predicting
allosteric switch-like regions tend to either require extensive structural
information [10] or are more computationally and statistically
demanding, using methods such as Molecular Dynamics (MD), com
munity network analysis [13] and statistical coupling analysis (SCA)
[12]. The method used in this study is more accessible, it can be easily
scaled up to screen large numbers of proteins, and can be broadly
applied to solve complex problems in terms of allosteric regulation.

3.3. Pinpointing M193 as a switch-like residue
From the mutation results above, we concluded that the switch-like
region was more likely within residues 190–193. When comparing the
secondary structure of these four residues amongst the known SIRT1
structures in the Protein Data Bank (PDB 5BTR, 4ZZH, 4ZZJ, 4ZZI), we
found that these residues were part of an α-helical conformation in all
structures except for M193 in 4ZZJ, where it was assigned as an unde
fined structure. This suggested that M193 is possibly the residue that is
essential for the allosteric conformational change. To test this hypoth
esis, we mutated M193 to alanine, then expressed and purified the
hSIRT1-143 M193A construct. Sequence descriptor values for the
M193A mutation shows limited changes with respect to WT for IsUn
struct values but a moderate increase in the Vkabat value of 7.5
(Table S5). This construct still well-folded (Fig. 4A and Table S2) with a
melting temperature of 49.4 ◦ C (Table 2 and Fig. S5). Unsurprisingly, the
single point mutant recovered some activity against Ac-p53W compared
to the four-serine mutants, with a kcat closer to that of WT hSIRT1-143
(Table 2). Addition of resveratrol had little effect on the overall activ
ity of hSIRT1-143 M193A and no significant effect on its substrate
recognition (KM) (Fig. 4B and C and Table 2). This is consistent with our
hypothesis that M193 is a crucial residue for the allosteric regulation of
Table 2
Melting temperature and Michaelis-Menten kinetics parameters of WT and
mutant hSIRT1-143 constructs against Ac-p53W with and without the addition
of 200 μM resveratrol. All enzyme kinetics data were obtained in triplicates. The
TM and Michaelis-Menten parameters were fit with GraphPad Prism and the
standard errors of fit are included.

WT hSIRT1-143

TM
(◦ C)

Resveratrol

kcat (s− 1)

KM
(μM)

kcat/KM
(μM− 1s− 1)

54 ±
1.3

–

0.06 ±
0.003
0.056 ±
0.002
0.01 ±
0.0006
0.02 ±
0.002
0.01 ±
0.0008
0.01 ±
0.002
0.04 ±
0.003
0.03 ±
0.002

13 ±
1.8
6±
0.9
9±
2.8
54 ±
15.1
9±
3.2
6±
2.6
20 ±
4.8
17 ±
3.9

0.005 ±
0.0007
0.010 ±
0.0015
0.0016 ±
0.0005
0.0004 ±
0.00012
0.0017 ±
0.00064
0.0022 ±
0.00106
0.0022 ±
0.00058
0.0018 ±
0.00044

+
hSIRT1-143
(186–189)S

47 ±
1.5

–
+

hSIRT1-143
(190–193)S

48 ±
0.6

–
+

hSIRT1-143
M193A

49 ±
0.6

–
+
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Fig. 4. A. CD spectra of hSIRT1-143 M193A at 25 ◦ C. B. Enzyme kinetics and C. Michaelis-Menten parameters for hSIRT1-143 M193A activity against Ac-p53W with
and without the addition of 200 μM resveratrol. All kinetics data were collected in triplicates and fit with Graphpad Prizm. Error bars indicate standard error of fit. *
depicts p < 0.05. D. Overlay of the SBD from PDB structures 5BTR (teal); 4ZZH (blue); 4ZZI (tan); 4ZZJ (orange) showing the position of M193 relative to SIRT1
modulators such as resveratrol (teal) and STAC 1 (blue). E. Proposed model for the response of SIRT1 to resveratrol before and after the M193A mutation. Created
with BioRender.com. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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